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Background The design of computerized systems able to support automated detection of threatening conditions in critically ill patients such as systemic inflammatory response syndrome (SIRS) and sepsis has been fostered recently. The increase of research work in this area is due to both the growing digitalization in health care and the increased appreciation of the importance of early sepsis detection and intervention. To be able to understand the variety of systems and their characteristics as well as performances, a systematic literature review is required. Existing reviews on this topic follow a rather restrictive searching methodology or they are outdated. As much progress has been made during the last 5 years, an updated review is needed to be able to keep track of current developments in this area of research. Objectives To provide an overview about current approaches for the design of clinical decision-support systems (CDSS) in the context of SIRS, sepsis, and septic shock, and to categorize and compare existing approaches. Methods A systematic literature review was performed in accordance with the preferred reporting items for systematic reviews and meta-analyses (PRISMA) statement. Searches for eligible articles were conducted on five electronic bibliographic databases, including PubMed/MEDLINE, IEEE Xplore, Embase, Scopus, and ScienceDirect. Initial results were screened independently by two reviewers based on clearly defined eligibility criteria. A backward as well as an updated search enriched the initial results. Data were extracted from included articles and presented in a standardized way. Articles were classified into predefined categories according to characteristics extracted previously. The classification was performed according to the following categories: clinical setting including patient population and mono-or multicentric study, support type of the system such as prediction or detection, systems characteristics such as knowledge-or data-driven algorithms used, evaluation of methodology,
Introduction Rationale and Background
Although the overall burden of bloodstream infections is still rather underestimated, 1 sepsis is definitely well known to be a leading cause of death all over the world. 2 Especially critically ill patients are at higher risk for the development of sepsis and thereby increased mortality. 3 For a long time, sepsis detection was intimately connected with the systemic inflammatory response syndrome (SIRS), which is defined as a nonspecific inflammatory process in the absence of infection. 4 Although this definition of SIRS in adult patients is no longer officially used according to the new Sepsis-3 definitions, 5 the occurrence of SIRS in clinical reality still predisposes patients to organ dysfunction and organ failure, and frequently determines the clinical outcomes. 6 Furthermore, recognition of sepsis and even septic shock is often very difficult, especially in newborns and infants, so that many cases of critically ill patients could be missed when suppressing SIRS. [7] [8] [9] Patients suffering from SIRS have a high risk for a longer time of stay in intensive care units (ICUs) 10 and increased morbidity and mortality, especially in the pediatric cohort. 11 SIRS carries the risk to progress to sepsis, severe sepsis, or septic shock, which even more aggravates the hazard of mortality. An early recognition and therapy should have a high priority to prevent such outcomes, 12 especially when considering that the risk of mortality in untreated pediatric septic shock patients was reported as increasing by 40% every hour. 13 Increased mortality in septic children was reported if fluid resuscitation was under 40 mL/kg in the first hour and initiated more than 30 minutes after diagnosing septic shock. 14 To facilitate the identification of patients at risk for SIRS, sepsis, and septic shock, several criteria and manual scoring systems exist. For adult patients, there are the aforementioned SIRS criteria, 15 Sequential Organ Failure Assessment (SOFA) score, 16 quick SOFA score, 17 APACHE IV, and the Surviving Sepsis Campaign guidelines 2016. 5 Familiar scores used in pediatric patients are SIRS criteria and sepsis definition, 4 pSOFA, 18 Pediatric Early Warning Score (PEWS), 19 and Pediatric Logistic Organ Dysfunction Score (PELODS). 20 For neonates, a consensus score is not available. However, there seems to be a de facto agreement that treatment is justified when clinically neonatal sepsis is suspected. 21 and results including ground truth definition, sensitivity, and specificity. All results were assessed qualitatively by two reviewers. Results The search resulted in 2,373 articles out of which 55 results were identified as eligible. Over 80% of the articles describe monocentric studies. More than 50% include adult patients, and only four articles explicitly report the inclusion of pediatric patients. Patient recruitment often is very selective, which can be observed from highly varying inclusion and exclusion criteria. The task of disease detection is covered in 62% of the articles; prediction of upcoming conditions in 33%. Sepsis is covered in 67% of the articles, SIRS as sole entity in only 4%, whereas 27% focus on severe sepsis and/or septic shock. The most common combinations of categories "algorithm used" and "support type" are knowledge-based detection of sepsis and data-driven prediction of sepsis. In evaluations, manual chart review (38%) and diagnosis coding (29%) represent the most frequently used ground truth definitions; most studies present a sample size between 10,001 and 100,000 cases (31%) and performances highly differ with only five articles presenting sensitivities and specificities above 90%; four of them using knowledgebased rather than machine learning algorithms. The presentations of holistic CDSS approaches, including technical implementation details, system interfaces, and data and interoperability aspects enabling the use of CDSS in routine settings are missing in nearly all articles. Conclusions The review demonstrated the high variety of research in this context successfully. A clear trend is observable toward the use of data-driven algorithms, and a lack of research could be identified in covering the pediatric population as well as acknowledging SIRS as an independent and threatening condition. The quality as well as the significance of the presented evaluations for assessing the performances of the algorithms in clinical routine settings are often not meeting the current standard of scientific work. Our future interest will be concentrated on these realistic settings by implementing and evaluating SIRS detection approaches as well as considering factors to make the CDSS useable in clinical routine from both technical and medical perspectives.
Against the background of digitalization in health care, coming along with an increased use of electronic health records (EHRs), patient data management systems (PDMS) in critical care settings and others, the implementation of computerized systems able to support automated SIRS and sepsis detection has been fostered. The use of such clinical decisionsupport systems (CDSS) even might become indispensable in near future, especially in medical specialties that require a wide variety of knowledge, which is needed to grade a huge amount of unfiltered information and to make time-sensitive and accurate decisions. It can be hypothesized that being supported by a CDSS might make the difference between acting in a timely manner and preventing clinical deterioration, or being too late. Another important aspect in favor of using CDSS is a reduction of workload for medical staff. 22 Especially within intensive care settings, clinicians reach decisions under challenging conditions, characterized by time pressure, work interruptions, and life-threatening situations and multiple subspecialties are involved in the decision-making process. A very special department featured by such characteristics is pediatric critical and intensive care, due to the rareness and diversity of underlying disorders, wide age ranges, and the corresponding diversity of the age-specific normative values, if available at all. If such evidence is available, the design of knowledge-based CDSS implementing well-known criteria and rules is common. However, in cases of lacking evidence, knowledge acquisition for rule construction is crucial, which is highly time consuming and dependent on the knowledge and experience of the respective experts. Together with the increased amount of data available, research on the use of data-driven approaches such as in machine learning has been reinforced, also in the context of sepsis detection. Furthermore, such approaches might allow not only for detection of the disease at the time of onset but also for predicting the condition before recognizing symptoms in clinical routine. Over the last years, many different CDSS have been developed, introduced successfully, and evaluated in all kinds of settings and patient populations with highly varying results. In our work, we aim at providing a systematic overview of current systems and their characteristics, published in the context of computerized clinical decision-support for detection of SIRS and related conditions such as sepsis, severe sepsis, and septic shock.
Objectives
We present the results of a systematic literature review focusing on (1) the identification of computerized tools (intervention) for detection of SIRS, sepsis, severe sepsis, or septic shock in critically ill patients (population), (2) a classification of the identified approaches into predefined categories in a standardized format (outcome), and (3) the presentation of the reported performances compared with noncomputerized methods and other algorithms (comparison).
Related work
Early detection and prediction of SIRS and sepsis is a wellknown research theme that already has been a topic of interest in other literature reviews. The latest publication in this context, published in 2019 by Islam et al, presents "(…) a meta-analysis of observational studies to quantify the performance of a machine learning model to predict sepsis." 23 The review was conducted systematically in accordance with the preferred reporting items for systematic reviews and metaanalyses (PRISMA) statement and yielded seven studies, which were included for comparison of performances. The reported accuracies, including sensitivities and specificities, were extracted and analyzed leading to the conclusion that machine learning algorithms had a better performance than traditional sepsis scoring systems. 23 Due to its systematic nature, the review provides results that are interesting, reproducible, and comprehensible. However, the search term might be too restrictive because first, it consisted of MeSH terms only, and, second, the use of synonyms was lacking. Furthermore, the initial search resulted in only 135 articles retrieved out of four electronic databases. 23 Hence, it might be worth conducting an extended literature search.
In contrast to the aforementioned review, another recently published literature review from 2018, performed by Warttig et al, 24 focuses not only on machine learning algorithms but also on any automated system capable of screening patient records in the context of sepsis. The authors performed a systematic review by searching in eight databases with a broad search term. However, the authors finally only included studies presenting a randomized controlled trial (RCT) to assess the systems' impact (1) on reduction of time to appropriate treatments and (2) on improvement of clinical outcomes such as mortality. Although the initial search resulted in 3,233 records, only three articles (including two conference abstracts) were included in the qualitative synthesis. The authors assessed all studies as low-quality RCTs. 24 Furthermore, it was not easy to perceive whether these articles are independent of each other. The authors conclude that "it is unclear what effect automated systems for monitoring sepsis have on any of the outcomes in this review." 24 Another overview of current sepsis screening tools was published by Villegas and Moore in 2018. 25 The authors identified six screening tools, presented their performances and, thereby, assessed the current state of the art. However, the searches as well as the presentation of results were not performed systematically so that some relevant studies might be missing. For our research, this overview is not sufficient enough. However, the results from this overview were used as a source for retrieving relevant articles for our review.
In 2017, Despins published a related systematic review entitled "Automated detection of sepsis using electronic medical record data." 26 By searching PubMed between 2005 and 2015, the author was able to identify 13 relevant studies out of 222 initial search results. The used search term was restricted on one database (PubMed) and only included the search for electronic medical records/EHRs and sepsis. No other synonyms or phrases were used for initial search and no second reviewer was involved. However, in the synthesis and analysis, the author not only considered performance aspects but also other categories (e.g., patient sample setting and data used). The author concludes that an automated sepsis detection might be a possibility to enable early therapy but "(…) the evidence from the reviewed studies is inconclusive." 26 This work is an appropriate basis for conducting our enhanced literature review, in which we do not restrict the search term on electronic medical records. Furthermore, we pursue an expanded search in additional databases.
For our systematic review, we are geared to the work presented by Makam et al in 2015. 27 The authors provide an enhanced, systematic review determining the diagnostic accuracy and the effectiveness of automated electronic sepsis alert systems. They searched various databases with an appropriate search term until June 2014 and retrieved 1,293 initial articles, resulting in eight eligible studies. The included studies were extensively analyzed and categorized according to their characteristics (e.g., setting, alert threshold, gold standard definition, alert system type, study quality). In the end, the authors reason that automated sepsis alerts may improve care processes but "(…) tend to have poor positive predictive value (PPV) and do not improve mortality or length of stay." 27 In our work, we aim at updating this review because much progress has been made in the last 5 years. Furthermore, we want to enhance this review by considering systems not only for adult care but also for neonatology and pediatrics.
Methods

Protocol
The systematic review was based on the PRISMA statement. 28 
Eligibility Criteria
All articles retrieved were assessed independently by two reviewers (AW, SM) according to the following inclusion criteria: (1) strong focus on SIRS, sepsis, severe sepsis, or septic shock, (2) detection or prediction by using an automated electronic system or algorithm, (3) evaluation of the diagnostic accuracy of the system or algorithm (sensitivity, specificity), and (4) processing of routine data as vital signs or routine laboratory values originating from the EHR or related sources.
We excluded articles that (1) focus on a specific underlying disease or on infections in general, (2) present explorative analyses and experiments with machine learning algorithms aiming at gathering new insights on valuable parameters rather than evaluating the diagnostic accuracy of an algorithm or a holistic system, (3a) only evaluate the impact of decision-support systems on mortality, sepsis management, or timings of therapy, (3b) do not report a sufficient evaluation methodology, including ground truth definition and results, and (4) examine biomarkers or related not routinely measured parameters only.
Information Sources and Search
We retrieved relevant articles through literature searching in five electronic bibliographic databases, including PubMed/ MEDLINE, IEEE Xplore, Embase, Scopus, and ScienceDirect. There were no restrictions to language, publication type, state, and date. The search strategy was constructed according to the PICO framework, whereat outcome and comparison were not explicitly covered in the initial search term. The term addresses computerized tools and systems for supporting the detection or prediction of patients suffering from SIRS, sepsis, severe sepsis, or septic shock. We decided to use four "AND"-concatenations: the first block represents the search for tools, systems, applications, platforms, or algorithms, the second emphasizes the computerized or electronic type of the aforementioned tools, the third defines the aspired functionality of the searched systems (e.g., detection, prediction, alerting), and the fourth covers the patient population. All search terms were restricted to the title, the abstract, and/or the keywords of the articles. When applicable, MeSH terms were used in addition to the standard search. In each block, we tried to cover as many synonyms as possible. Hence, the following search term was constructed for PubMed/MEDLINE: All queries for the other databases were constructed in alignment with this query. However, some adaptions were required to yield relevant results. For example, medical use cases are rare in the technical database IEEE Xplore. Hence, the corresponding search term consisted of the patient population and the disease block only. For Embase and Scopus, the sepsis term was restricted on title search only because sepsis indeed is very often mentioned as a prominent example but the original article focuses on another condition. Furthermore, in some databases, the length of the search term is restricted so we were not able to utilize all synonyms in all databases. The search terms are presented in ►Supplementary Appendix A.1.
Additional articles were identified by screening the reference lists and citations of all included studies (backward searching). The relevant systematic reviews (see Chapter 1, Related Work) also were used for identifying further articles.
Study Selection
The study selection process is presented in a PRISMA flow diagram 28 (see ►Fig. 1). After performing the database searches, all results were exported to Citavi 5.7.1.0 and duplicates were removed. Subsequently, two authors (AW, SM) independently screened the titles and the abstracts for relevance and inclusion in the review by utilizing the eligibility criteria described in the Methods section. Afterwards, we retrieved full-texts and also evaluated them in accordance with the predefined criteria. The reasons for exclusion of the articles were documented (see ►Supplementary Appendix A.2). In any case of disagreement or discussion, a third author (TJ) gave advice. Backward searching by the same reviewers took place after all full-texts were assessed and the decisions on inclusion were made.
Data Extraction, Quality Assessment, and Measures
Following information was extracted from each included article: (1) general aspects including authors, title, publication year, and journal, (2) clinical settings of the study, e.g., ICU or emergency department (ED) and mono-or multicentric, (3) the patient population including the age group, inclusion and exclusion criteria, and/or underlying diagnosis, (4) the focused condition as SIRS, sepsis, severe sepsis, and septic shock, (5) characteristics of the supporting system including the type of support (detection or predic-tion) and the underlying algorithm, (6) characteristics of data processed by the system or used within the evaluation, (7) evaluation methodology including description of ground truth and sample size, and (8) evaluation results including sensitivity, specificity, PPV, and negative predictive value (NPV). Two reviewers (AW, SM) extracted data from the included articles. Discrepancies between the reviewers were resolved by discussion and support of a third reviewer (TJ).
Synthesis of Results
We performed a qualitative assessment of the included articles. To give a holistic overview of current approaches, a table of characteristics was created for eligible articles (see ►Supplementary Appendix A.3). Data were summarized and articles were categorized in a standardized way. Thereby, the following categories and attributes were used:
• Clinical setting:
-Ward: ICU, ED, non-ICU, all.
-Special characteristics: age group (premature, neonates, pediatrics, adults; including age restrictions if applicable), inclusion and exclusion criteria for studies and evaluations. -Institutions: monocentric, multicentric.
• Support:
-Type: detection (detection at or after onset), prediction (detection before onset). -Condition: SIRS, sepsis, severe sepsis, septic shock. Fig. 1 PRISMA flow chart for study selection. PRISMA, preferred reporting items for systematic reviews and meta-analyses.
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• System:
-Name of the system -Underlying algorithm: threshold/rule/criteria-based, machine learning (including the specific algorithm). -Data/type of source system: own system/collected data or public database (e.g., Medical Information Mart for Intensive Care [MIMIC]).
• Evaluation:
-Ground truth definitions: manual chart review, clinical experts, diagnosis coding, criteria (e.g., SOFA, SIRS), culture positivity, antibiotic administration. -Results: sample size, sensitivity, specificity, PPV, NPV.
Due to the highly heterogeneous trial conductions and ground truth definitions, we were unable to perform a metaanalysis. However, if applicable, we report the diagnostic accuracies of the systems by reporting sensitivity, specificity, PPV, and NPV, and qualitatively assess the evaluation methodologies and results.
Ethical Considerations
This manuscript does not contain research involving human subjects.
Results
Study Selection
An initial literature search in 2018 together with an updated search in January 2019 resulted in 2,373 articles (see ►Fig. 1). These were extracted from the databases PubMed/MEDLINE (n ¼ 884), IEEE Xplore (n ¼ 165), Embase (n ¼ 413), Scopus (n ¼ 824), and ScienceDirect (n ¼ 87). After removing duplicates, 1,917 articles were screened by titles and abstracts for relevance in accordance with the eligibility criteria. The excluded articles are summarized together with the exclusion reason in ►Supplementary Appendix A.1. In addition, abstracts, short conference articles (less than two pages), editorials, reviews, and posters were removed. The full texts of 99 articles were retrieved and evaluated. Of these, a total of 50 articles were found eligible for inclusion. An additional backward search was performed leading to five more articles found to be eligible. Finally, 55 articles were included for the qualitative synthesis (see ►Supplementary Appendix A.3).
Study Characteristics
Clinical Settings
In total, 73% of the articles describe studies conducted in ICU, including pediatric ICU and neonatal ICUs (NICUs), or EDs. Non-ICUs are covered in 7% of the articles whereas 20% of the studies were not restricted to a specific ward. A similarly clear situation can be observed in the context of the age group of the patients included (see ►Fig. 2). More than 85% of all eligible articles included adults. A total of 51% of all articles comprise studies on adults only, which we defined as patients !18 years. Other explicit age restrictions covered are !14 years (9%), !15 years (4%), and !16 years (2%). Some articles focus on specific cohorts as very low birth weight (VLBW) and/or premature newborns of 28 or 32 weeks of gestational age (7%), neonates (2%), and pediatric patients (5%). However, the latter often is not defined explicitly by an age restriction so that possibly these articles also include patients of the categories !14, !15, and !16 years.
During research for this review, it became obvious that there are established algorithms for adult patients and neonates but there is a lack of systems supporting pediatric patients. There is no established commercially available system that was developed for this population particularly. There are only four studies that were performed explicitly on pediatric patients. None of these studies gave any detailed information about the algorithm used. Two of these focused on patients <18 years old, 29,30 one included "pediatric patients" 31 and one included mainly patients <18 years old but also 17% of patients !18 years old. 32 Cruz et al 30 describe a "best practice alert" in the ED that targeted septic shock using SIRS criteria in a single-center study. The algorithm was searching for tachycardia, as defined by the age-dependent 2005 International Pediatric Sepsis Consensus Conference (IPSCC) SIRS criteria, but adjusted by a temperature correction, which was not evaluated separately. Patients were enrolled if the alert triggered or if there was the diagnosis of shock during the further hospital stay. The further procedure was determined by the attending nurse.
Sepanski et al 29 describe an algorithm that targets the agedependent IPSCC SIRS criteria to screen for severe sepsis. This study included a refinement of these criteria to improve specificity that took a rather large dataset of 143,603 cases into account. These patients visited the ED of one hospital. The refinement included a temperature correction of heart rate and respiratory rate and an adjustment of the threshold values of most SIRS criteria due to the data acquired of this patient group. The developed screening tool was implemented in another hospital. This Screening Tool Refinement Group consisted of 7,402 patients admitted to the ED during the appointed duration of the study. Ground truth for severe sepsis was a systemic chart review for patients with discharge diagnosis of "disseminated or localized infection/associated" 29 condition. According to the stated purpose, the sensitivity of the screening tool with the refined SIRS criteria was equal to the results of the IPSCC Methods of Information in Medicine criteria (97.4%), but the specificity and PPV were higher with 99.5 and 48.7% compared with 97.1 and 14.6%, respectively.
There is a proof-of-concept study published by Wulff et al 31 that used a rule-based algorithm based on the official 2005 IPSCC SIRS criteria for SIRS and sepsis detection in ICU patients. Due to this being a pilot study, there was just the small number of 16 patients enrolled and it was performed at a single hospital. The ground truth was defined by a blinded chart review done by two reviewers, who also applied the SIRS criteria for the detection of SIRS and sepsis in the included patients. The system had a high sensitivity of 100% and a specificity of 94%.
The latest publication of these four is a pilot-study done by Lloyd et al 32 who evaluated the electronic version of an already established manual sepsis screening tool in a pediatric ED. This tool is described as a modified version of a sepsis trigger and identification tool from the Pediatric Septic Shock Collaborative of the American Academy of Pediatrics. During an 8-weekperiod, they identified 29 sepsis patients recognized by both the system and the manual screening tool. However, the electronic version was significantly faster and, on average, flagged the patients 68 minutes earlier.
In total, 42% of the studies included all admitted patients, 44% included patients with a diagnosis related to sepsis, suspected infection on admission, or with an acquired blood culture, and 9% included only patients with a positive alert. Eleven percent recruited a very specific preselected population as preterm VLBW babies, patients with burns or after cardiothoracic surgery.
In terms of the number of participating institutions, most studies took place at a single site only (78%). However, there are also some studies that encompass a huge number of patients from two (7%) or more institutions (15%).
Support
From a technical perspective, we decided to distinguish between detection and prediction of diseases. The former is defined as any system able to detect sepsis or a related condition at the time of onset or after onset. In contrast, the latter represents algorithms able to forecast any condition onset. Detection only is covered in 62% and prediction only is focused in 33% of the included articles. Three articles (5%) present algorithms covering both detection and prediction. In the context of the clinical domain, a differentiation between SIRS, sepsis, severe sepsis, and septic shock is appropriate. Here, 71% of the studies focus on the detection or prediction of sepsis (including subgroups of late-onset sepsis or neonatal sepsis), 5% focus on SIRS, 20% have been trying to identify severe sepsis, and 18% septic shock. Eleven percent present algorithms for the detection or prediction of more than one condition, in which the combination of severe sepsis and septic shock is the most common one. Two articles present a combination of sepsis, severe sepsis, and septic shock, and one article focuses on the combination of SIRS and sepsis. SIRS only is covered in 4%, sepsis in 67%, severe sepsis in 11%, septic shock in 9%, and any combinations in 11% of the included articles.
System
The documentation of the system's characteristics and the underlying algorithmic approach were defined as important eligibility criteria. In terms of the underlying algorithm, systems following a traditional knowledge-driven and, a therefore, threshold-, criteria-, or rule-based approach were distinguished from tools implementing a data-driven, machine learning concept. For the latter, a high variety of specific Fig. 3 Distribution and frequency of system approaches presented in articles (categories: support, system).
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algorithms such as random forests, neural networks, decision trees, support vector machines, and others were used in the included articles. Fifty-six percent of all articles deal with machine learning approaches and 44% implement knowledge-based concepts. In addition, some authors present a comparison of the core algorithm to other approaches, including both machine learning models and sepsis scoring systems and respective published criteria. All information can be retrieved from the ►Supplementary Appendix A.3.
To achieve a better understanding of the relationship between the support type (detection/prediction and SIRS/sepsis/severe sepsis/septic shock) and the underlying algorithmic approach (knowledge-based/data-driven), ►Fig. 3 presents the distribution of frequencies for each combination. The most common combinations discovered are knowledge-based detection of sepsis and data-driven prediction of sepsis. Threshold-/ criteria-/rule-based approaches for prediction of disease seem not to be very common, whereas machine learning approaches are almost equally used for both detection and prediction tasks.
Another interesting characteristic of the systems is the used data source. Only some systems already provide a seamless integration into the EHR or any other routine system. However, none of the articles provides a detailed description of the system architecture including the interfaces and dashboards. Furthermore, no other articles other than that by Wulff et al 31 describe possibilities to easily implement the system into other institutions such as by using interoperability features for data representation and sharing of the algorithm. Only one further article by Henry et al, 33 which was excluded due to an insufficient evaluation, explicitly considered FHIR (Fast Healthcare Interoperability Resources) as a possible standard ("A FHIR-enabled streaming sepsis prediction system for ICUs"). In most of the articles, the systems were tested on datasets extracted from a primary source system (e.g., EHR, PDMS or bedside monitor systems) and entered into the system's algorithm for the purpose of the study. In 20% of the articles, the authors reused data from a publicly accessible database called MIMIC 34 rather than generating own datasets from local systems.
Evaluation
All included articles present a sufficient evaluation methodology together with reporting of results, including at least sensitivity/specificity and/or PPV/NPV. However, amongst others, the trials are highly heterogeneous according to the sample size, the ground truth definitions, and the inclusion or exclusion of patients. As this does not allow performing an enhanced meta-analysis, we decided to provide a qualitative analysis of the evaluations.
In terms of the used ground truth, the included articles can be divided into four major groups (see ►Fig. 4). Thirty-eight percent of the studies used manual chart reviews, involved clinical experts, or assessed according to well-known criteria (e.g., sepsis definition by Goldstein et al 4 ; group 1: criteria). A slightly smaller group (29%) defines positive cases as having a coded diagnosis of sepsis, severe sepsis, or septic shock (e.g., International Classification of Diseases [ICD] coding, diagnosis-related group [DRG] coding; group 2: coding). In 20% of all included articles, various techniques were combined (group 3: mixed). Here, the combination of criteria and coding is the most prominent (54%), followed by criteria and blood culture (18%) as well as blood culture and antibiotic administration (18%, Mitchell et al, 35 Wang et al, 36 and Nemati et al 37 ). One article uses a special method for distinguishing septic patients consisting of ICU transferral, activation of rapid response teams, and coding. 38 The fourth and smallest group of articles defines the condition onset only if the patient has a positive blood culture (13%, Gur et al, 39 Mani et al, 40 Van Steenkiste et al, 41 Guillen et al, 42 McCoy and Das, 43 Mithal et al, 44, 45 and Wang et al 46 ; group 4: blood culture).
Furthermore, the included articles differ in terms of the sample size, which is the number of patients, visits, screens, or admissions included in the evaluation. The sample size ranged from a pilot study with eight patients to a multicentric study with 2,759,529 patients from 49 institutions. The latter is the only evaluation with a sample size of more than 1 million. As illustrated in ►Fig. 5, most of the articles present evaluations with a sample size between 10,001 and 100,000. Fig. 4 Distribution and frequency of ground truth definitions used in articles (category: evaluation).
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The evaluation results consisting of sensitivity, specificity, PPV, and NPV can be found in ►Supplementary Appendix A.3. For articles testing more than one algorithm, we decided to report the results for the best algorithm. For articles providing results for different cut-off values, fixed sensitivities or specificities, and time windows, if possible, we reported all results in our table. Altogether, we identified five articles presenting a sensitivity and a specificity of more than 90%: Alsolamy et al, 47 Sepanski et al, 29 Kam and Kim, 48 Bansal et al, 49 and Wulff et al. 31 These articles are alike in that they all present single-center studies, used data from the local EHR instead of publicly available datasets, and developed detection rather than prediction algorithms. Wulff et al 31 
Discussion
Summary of Evidence
Recently, the number of publications addressing the design of systems supporting clinicians in detection and prediction of SIRS and related conditions has increased rapidly. Although most of the studies aim toward reaching the same ultimate goal of improving the patient's chances in the end, the articles' approaches to provide evidence vary. Lately, there seems to be a rather direct approach to prove the effect of a system's implementation on either reduction of length of stay or clinical outcomes as mortality, or success of sepsis response teams, sepsis bundle adherence, or therapies. 24 More conservative approaches first aim at assessing the diagnostic accuracy of a supporting system before targeting on demonstration of effects on clinical outcomes. As the aforementioned article group mostly does not focus on the algorithms itself, in our systematic review, we decided to concentrate on the latter. Furthermore, in the end, any improvement for the single patient only is possible if the algorithm is able to accurately detect the disease, resulting in very high sensitivity and specificity needed. Only then, it may be integrated in the daily clinical routine, offering a realistic chance to prove the effect of CDSS to improve treatments and outcomes.
Even before creating a system stands the question of using published evidence together with expert knowledge to design a knowledge-driven, often rule-based, system, or applying data-driven, machine learning algorithms. Sorting the included articles of our review according to their publication date, and correlating it with the algorithmic approach used, a trend starting in 2012 becomes visible (see ►Fig. 6). While there is no clear trend recognizable related to the quantitative number of publications, the portion of data-driven approaches is slightly increasing.
In terms of knowledge-based systems, our systematic review demonstrates the challenge of choosing the criteria on which the algorithm can be based upon. Hence, a high variety of approaches is used, which complicates any comparisons of outcomes between the articles.
Although described as highly unspecific, many authors used the SIRS criteria for sepsis detection, so that it was not surprising to discover that many publications report alert fatigue due to a low specificity. Publications using the Sepsis-3 guideline often adapt the SOFA score focusing on signs for organ failure and, therefore, reaching higher specificity, which is mostly due to the further progressed course of sepsis. Some of the studies presented in this review tried to improve sepsis recognition by defining new criteria and using new markers. Sepanski et al 29 were making huge efforts to empirically identify new vital sign thresholds for the pediatric SIRS criteria using a "vital sign standardization group" consisting of 143,603 patients. Cruz et al 30 simply used a temperature correction on the pediatric SIRS criteria to take the impact of elevated core temperature on both heart rate and respiratory rate into account. Lloyd et al 32 utilized adapted parameters from the Pediatric Septic Shock Collaborative of the American Academy of Pediatrics for their electronic version of the manual screening tool. Mithal et al 45 and Gur et al 39 were using RALIS, which creates a RALIS score based upon the heart rate, respiratory rate, temperature, desaturation, and bradycardia for gestational age in neonates. The precise values and details about the 
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algorithm could not be found, possibly due to its commercial value as an already patented product.
The variety of criteria, which potentially can be used to detect SIRS or sepsis, the often low evidence, and otherwise great efforts it takes to reach reliable results, especially in pediatrics and neonatology, might be reasons for the increased use of data-driven approaches. Here, the criteria and classification rules are constructed by the algorithm itself, which resulted in a high number of attributes used for reasoning. However, this also means that a high input of data has to be available for training and implementing the algorithms. This is particularly required for the prediction of sepsis, severe sepsis, or septic shock. modified SIRS criteria and additionally 75 parameters for detection of severe sepsis and septic shock. Gunnarsdottir et al 55 tested a different approach by analyzing heart rate variability to reach a sepsis decision. In the data-driven group, there also is a commercial product, called InSight, which promises an earlier sepsis prediction, improvement in outcome, and reduction of costs. According to the advertisement, it has also been validated for a highly diverse pediatric population. This system creates its own score and is used by Calvert et al, 56 Desautels et al 57 and lately Mao et al. 58 Overall, in several publications, the exact criteria used are not even reported. This represents a major obstacle for comparison, comprehension, and quality of results.
The use of CDSS in a clinical routine highly depends on its diagnostic accuracy, which should be evaluated under settings as realistic as possible. One important aspect is the definition of an accurate and realistic ground truth to evaluate the system's performance. As our review shows, here lies one of the largest discrepancies between the studies: 29% of the articles used a general manual chart review, and only 7% performed a blinded manual chart review by more than one reviewer. This, of course, is a very time-consuming but solid method. 29, 31, 39, 59 Thirty-six percent of the articles defined their ground truth by ICD coding for sepsis or sepsis-related diagnoses. This procedure allows including a much larger population but it relies entirely on the assumption that every patient received the correct diagnosis, and any signs of sepsis have not been missed before. Often, the coded diagnosis does not reflect the condition of the patient to the relevant time in clinical routine. Therefore, this procedure can be assessed as inferior to a manual chart review. In 20% of the studies, the ground truth for sepsis is defined as a positive culture or a culture taken and antibiotic administered which fulfills part of the sepsis definition but cannot be used to detect SIRS and has a relevant risk of missing septic patients. Especially in children and neonates, a positive culture just occasionally occurs even though they definitely suffer from sepsis clinically. 60, 61 Even in adult patients, a positive blood culture can be obtained in only 50% of patients with blood stream infection. 62 If antibiotic treatment was administered before blood culture acquisition, the sensitivity directly drops with the risk of missing sepsis episodes. 63 The reliability of blood cultures in general depends on many factors such as the timing, sample volume, amount of collected samples, interpretation of positive results, and the rate of contaminations. 64 Based on these considerations, a positive blood culture as singular parameter for sepsis seems not to be recommendable. Fifteen percent of the articles utilized clinical assessment with clinical experts to determine whether a patient had sepsis. Often, these experts were not enumerated in more detail. Other authors used a combination of the methods mentioned above, which seems to be an accurate approach.
When using supporting systems in clinical routine settings, the system should be able to perform accurately not only for a very specific patient population but also, in the best case, for all patients admitted to this setting. However, the systems presented in the articles are mostly designed and tested on a very specific and preselected patient population. With our review, we uncovered the wide variety of inclusion and exclusion criteria that has been used. Examples are Schuh 65 who included only patients after cardiothoracic surgery and Harrison et al 66 who focused on detection of severe sepsis in ICU but excluded patients with ICU-acquired sepsis. For detection and prediction of sepsis, Desautels et al 57 excluded patients with an onset of sepsis during the first 7 hours after admission, and Mao et al 58 did so as well. Mithal et al 44 were targeting late-onset sepsis and included only premature newborns under 28 weeks of gestational age with a complete dataset for the first 28 days. Patients with early-onset sepsis, transferral or death during these first 28 days of life, congenital syndromes or multiple anomalies, or with a need for high-frequency oscillation were excluded. Thus, many patients that will be admitted to NICU would not qualify for the study and, consequently, independent from the study results, the algorithm may not be useful for the majority of patients in the NICU. This is particularly misleading as these patients even have a higher risk for late-onset sepsis than the test cohort. Rech et al 59 included patients in their burn-ICU with at least a total burn surface area of >10% and/or at least moderate inhalation injury, who have a very high probability to develop at least SIRS. A total of 41% of the publications used the admission or discharge diagnosis, or patients with proven or suspected infection, for inclusion in the study, and 7% included only patients with a positive alert; Nelson et al's 67 study was the only study of this group to present a countercheck of all ED visits for 1 exemplary week and, therefore, a search for false negatives. Khojandi et al 50 explain that they only admitted patients with pneumonia to their study to have a guaranteed infection and possibility of progress to sepsis. These restrictions in recruitment are very likely to have biased results in clinical routine settings.
In contrast to these heterogeneous approaches to define the target group, the situation is more even when looking at the age of the included patients. Our review revealed that more than 50% of the articles concentrate on adult patients. Only 15% of the studies recruited patients over 14, 15, or 16 years while making no explanation on why the cut-off was made at this age. Furthermore, in these as well as in all studies without age restriction, it was not mentioned whether these patients were treated as adult patients with respect to their normative ranges of vital signs, laboratory values, and others. Only the four articles presented in the results section explicitly covered the pediatric group with both specific criteria and approaches differing depending on the age.
Another great disparity between the presented studies is the aim of their algorithm; 62% focused on detection whereas 31% introduced a prediction system, and 5% aimed at both detection and prediction. [57] [58] [59] And even in these groups, there are differences of focus as some try to find earlier alterations as in SIRS, whereas others concentrate on detection of the highrisk patients with severe sepsis or septic shock. Less severe symptoms, as in the beginning of SIRS, are often less specific and, therefore, the specificity of such a system will naturally be lower as in systems that can rely on parameters for organ dysfunction as defined for severe sepsis.
When designing CDSS for future use in clinical routines, it seems to be beneficial to use real data in the evaluation phase already. Indeed, our review supported this assumption by showing that 80% of the articles generated own datasets from local systems. The other 20% of the studies rely on the use of publicly accessible databases such as MIMIC, which seems to be an easy way to test algorithms. However, such datasets often come with a high data quality not available in unprepared routine data. Consequently, algorithms tested with such datasets yield outcomes, which are often not attainable in clinical routine settings. Even when using real datasets originating from EHRs or similar records, data quality should be considered as one very important aspect affecting and, in the end, determine the quality of results. In several articles, a full dataset is required or continuous data for a determined period of time, in most cases even several hours. Such datasets are often only available if explicitly recorded in the context of a clinical trial. Furthermore, in most publications, vital sign acquisition and validation was not described in detail. Most authors just extracted any data from the EHR or from a dataset; some describe manual vital sign acquisition if automated vital signs were not available. Neither publication mentions regular validation of data in a manual or automated way to take artifacts or errors in deduction into consideration, even though some refer to previous work that might cover some form of validation. Most algorithms have integrated thresholds to exclude implausible data, which were not explained in greater detail.
Some of the articles, as in Nemati et al, 37 Mitchell et al, 35 and Mao et al, 58 present a dual approach by testing the algorithm on both own datasets and MIMIC. This approach is advantageous because reaching good results on both datasets demonstrates that the algorithm is not overly fitted toward a local patient cohort. The same can be reached when conducting a multicentric study as presented in 22% of the included articles.
As discussed before, the ground truth definition is highly important when evaluating the results of the algorithms. In data-driven approaches, this labeling often is already available within the dataset used for training the algorithm. Consequently, one has to bear in mind that the algorithm always learns the cases, in which the label shows a specific value. For example, when using ICD coding, this means that the algorithm will learn when a sepsis code arises, based on all other attributes. As explained above, these are rarely the real sepsis events in clinical routine settings. However, a huge amount of -not necessarily but preferably labeled-dataset is needed for advanced machine learning, which is often not accomplishable by manual chart review or clinical assessments. Only a few articles present such an approach, as in Mani et al, 40 Nachimuthu and Haug, 68 and Brown et al. 54 When looking at the good results reported for detection of adult sepsis by knowledge-based systems, together with the resource-consuming training of data-driven algorithms, the use of machine learning for detection purposes definitely is questionable. Furthermore, the so-called black box approach still is not seen as trustable in clinical routine settings, especially when there are explainable approaches with same or even better results. However, machine learning approaches are highly valuable when trying to predict patients' conditions as well as when uncovering yet unknown patterns and correlations between parameters. The former already could be observed in our review as most of the prediction tasks were performed by data-driven approaches. The latter was not covered within this review as we decided to exclude any articles presenting machine learningbased explorative analyses. However, a set of these articles can be found in ►Supplementary Appendix A.2.
Up to now, the prediction and detection of pediatric SIRS is underrepresented in research. Since the introduction of the Sepsis-3 guidelines, the definition of SIRS or rather its clinical relevance seems to have faded. Moreover, recent studies evaluating different sepsis scores with regard to mortality reported that SIRS criteria have lower accuracy compared with SOFA, qSOFA, or MEWS (Modified Early Warning Score). [69] [70] [71] Consequently, evaluating SIRS criteria for prediction of mortality seems like the wrong approach. However, the big advantage of SIRS criteria for recognizing deterioration on a very early point in time has been overlooked lately. Of course, the SOFA score provides more accurate results in terms of representing the risk of mortality but it is not applicable as early as SIRS criteria. An early recognition of SIRS and sepsis can often trigger an early goal-directed therapy resulting in a prevention of situations, until which the other scores would not even be applicable.
Strengths and Limitations
Recently, a lot of CDSS have been developed and implemented in the context of SIRS, sepsis, severe sepsis, and septic shock. In our systematic review, we successfully retrieved and qualitatively assessed a wide scope of current studies. Thereby, we were able to carve out the differences between various approaches and, hence, presented the high variety of studies available. One of the major strengths of this review is its broad search approach including querying of five databases and using broad search terms without restricting the patient population on adults as done before by existing reviews. Hence, we updated and enriched the overview on the state of the art for CDSS in detection of SIRS and related conditions, available thitherto. By our approach, we successfully discovered a lack of research on SIRS detection and prediction in the pediatric population, which opens up major possibilities for future high-impact research.
Our systematic review has several limitations. To get an adequate overview, we included a large number of studies, which made it impossible to statistically analyze the study outcomes as required in a meta-analysis. As presented, the included articles followed very different study designs, sample sizes, evaluation approaches, and recruiting approaches, which also lead to a high variety of study quality. Although meeting our inclusion criteria, it should be kept in mind that several study designs are predisposed for biased results, as outlined in our summary of evidence.
Conclusion
Current research on CDSS for SIRS, sepsis, severe sepsis, and septic shock is characterized by a high variety of approaches. Several designs for either detecting or predicting the aforementioned conditions exist, sometimes even mixed up, evaluated by using various ground truth definitions, sample sizes, and patient cohorts. Although the evaluations of knowledge-based solutions are not unambiguously bad, a clear trend toward the use of data-driven approaches is recognizable. On the contrary, a lack of research in pediatric patients and SIRS can be observed.
As a result of this review, in our future work, we will concentrate on supporting SIRS decision making by CDSS. We will attach great importance to the realistic evaluation of the diagnostic accuracy in routine clinical settings. Later on, data-driven methods should be evaluated on both institution-specific and cross-institutional settings to gather new insights. Therefore, after accurate evaluations, the rule-based detection algorithm might be usable to generate datasets based on retrospective data, resulting in a great training base with reliable SIRS and sepsis labels. In our review, we observed that there is a lack of interfaces to local EHRs and PDMS, live systems, interoperability features to share data, results, and even the system itself and its seamless integration into the clinician's workflow. As all of these factors strongly influence the success of implementing a CDSS in clinical routine, we will concentrate on these aspects in our future work on CDSS.
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